Abstract-The effectiveness of distributed wireless sensor networks highly depends on the deployment of sensors. Given a finite number of sensors, optimizing the sensor deployment will enhance the field coverage of a wireless sensor network. Network lifetime and quality of communication in terms of outage probability as a result, will be greatly ameliorated as the topology approaches uniformity fast. In this paper, we propose a fuzzy optimization algorithm (FOA) to efficiently adjust the sensor placement after an initial random deployment. We apply fuzzy logic theory to handle the uncertainty in sensor deployment problem. Simulation results show that our approach achieves fast and stable deployment and maximize the field coverage. Outage probabiliy, as a measure of communication quality gets effectively decreased.
I. INTRODUCTION
Sensor networks consist of certain amount of small and energy constrained nodes. Sensor nodes are deployed in support of various missions including environment monitoring, battlefield surveillance, and emergency search and rescue.
A number of applications require the placement of sensors at desired locations. Such placement-friendly sensor networks are widely used for infrastructure security [1] , where critical buildings and facilities such as airports and power plants are monitored by a network of sensors placed adequately.
Meanwhile, other applications employ sensor nodes with certain mobility like mobile robots. Mobile sensors are practically desirable for they have the capability to move around and re-adjust their positions for high quality communication and better surveillance [2] .
Our primary interest lies in the wireless sensor network comprised of mobile sensors. Our goal is to optimize the sensor deployment such that the maximum field coverage and high quality communication could be achieved.
Some prior research proposed a strategy based on virtual forces in sensor deployment and target localization [3] . A distributed self-spreading algorithm was introduced in [4] to improve the network coverage. Poduri et al [5] proposed an algorithm with the constraint that each of the nodes has at lease K neighbors. These algorithms have made lots efforts to formulate the virtual forces, however none of which can well handle the random move and unpredictable oscillation in deployment.
Our algorithm is very different from all previous works. Instead of attempting to formulate the virtual forces, we propose to use fuzzy logic system in control of the sensor movement. To save battery life, we refer our appoach to open-loop control systems, in which the control action is independent of the physical system output, e.g. feedback control. By applying this fuzzy optimization mechanism to each individual mobile sensor, uncertain exhaustive move and oscillation is efficiently avoided and fast deployment is achieved. The entire network as a result, survives for longer lifetime and the quality of communication in terms of outage probability is greatly ameliorated as the topology approaches uniformity. A concept of coherence time is introduced for the purpose of synchronization among sensors. This paper is organized as follows. In section II, we briefly review the basic concept of fuzzy logic systems. Section III details the Fuzzy Optimization Algorithm (FOA) designed for sensor deployment. Simulation and the key results of this work are presented in Section IV. Section V concludes with a summary. Fenton-Wilkinson method to tackle the outage problem is expatiated in appendix. Figure 1 shows the structure of a fuzzy logic system (FLS) [6] . When an input is applied to a FLS, the inference engine computes the output set corresponding to each rule. The defuzzifer then computes a crisp output from these rule output sets. Consider a p-input 1-output FLS, using singleton fuzzification, center-of-sets defuzzification [7] and "IF-THEN" rules of the form [8] 
II. OVERVIEW OF FUZZY LOGIC SYSTEMS
Assuming singleton fuzzification, when an input x = {x 1 , . . . , x p } is applied, the degree of firing corresponding to the lth rule is computed as
where and T both indicate the chosen t-norm. There are many kinds of defuzzifiers. In this paper, we focus, for illustrative purposes, on the center-of-sets defuzzifier [7] . It computes a crisp output for the FLS by first computing the centroid, c G l , of every consequent set G l , and, then computing a weighted average of these centroids. The weight corresponding to the lth rule consequent centroid is the degree of firing associated with the lth rule,
where M is the number of rules in the FLS. 
III. EXTRACTING THE KNOWLEDGE FOR FUZZY OPTIMIZATION ALGORITHM

A. Assumptions and Notations
• Sensor field is denoted by a two-dimensional grid.
• Coverage discussed in this paper is grid coverage.
• A grid point is covered when at least one sensor covers this point.
• A sensor can detect or sense any event within its sensing range, denoted by Rs. Coverage is determined based on Rs.
• Two sensors within their communication range, denoted by Rc can communicate with each other.
• Neighbors of a sensor are nodes within its communication range.
• Detection and communication is modeled as a circle on the two-dimensional grid.
B. Fuzzy Optimization Algorithm
The Fuzzy Optimization Algorithm (FOA) is illuminated by the powerful capability of fuzzy logic system to handle uncertainty and ambiguity. Fuzzy logic system is well known as model free. Their membership functions are not based on statistical distributions. In this paper, we apply fuzzy logic system to re-position the sensor nodes and optimize the network deployment.
Our algorithm starts with random deployment. Initially, a given number of sensors are randomly deployed in a square sensor field. We have made the following assumptions:
• All sensor nodes are peer to peer.
• Sensor nodes have certain mobility and capabilities of computing, detection and communication.
• Sensor node knows its location information.
• Sensors are synchronized by coherence time. One-time move is made within each coherence period. Two critical procedures are considered in our algorithm:
• Determine the next-step move distance for each sensor.
• Determine the next-step move direction for each sensor. The next-step move distance is hard to determine. Too small or big move distance each step consumes the network more time and energy to get stable deployment. Excessive oscillation is unavoidable in previous work with no fuzzy control. In this paper, we design a fuzzy logic system to determine the nextstep move distance for each sensor.
We collect the knowledge for deployment problem based on the following two antecedents: Antecedent 1. Number of neighbors of each sensor. Antecedent 2. Average Euclidean distance between sensor node and its neighbors
The linguistic variables to represent the number of neighbors for each sensor are divided into three levels: high, moderate and low; and those to represent the average Euclidean distance between sensor node and its neighbors are divided into three levels: far, moderate and near. The consequent -the shift distance normalized by sensing range is divided into three levels: far, moderate and near. One example of rules is as follows:
IF the number of neighbors of sensor i is high and average Euclidean distance between sensor i and its neighbors is moderate, THEN the normalized scalar shift distance of sensor i will be high.
We set up 9 rules for this FLS because every antecedent has 3 fuzzy sub-sets and there are 2 antecedents. Trapezoidal membership functions (MFs) are used to represent high, low, far and near and triangle MFs to represent moderate. We show these membership functions in Figure 2 .
Applying center-of-sets defuzzification [7] , for every input (x 1 , x 2 ), the output is computed using
Repeating these calculations for ∀x i ∈ [0, 1],we obtain a control surface y(x 1 , x 2 ) as shown in Figure 3 figure 3 , we can see that although the number of neighbors for a certain sensor is high, the move distance can be nearer than some sensor with fewer "crowded" neighbors, i.e. very close average Euclidean distance between the sensor and its neighbors. With the assist of control surface, the next-step move distance can be carefully determined.
Comparing to move distance, the next-step move direction is much easier to decide. Coulomb's law in physics becomes a useful tool to tackle the problem. Assume sensor i has 2 neighbors as shown in Figure 4 .
The coordinate of sensor i is denoted as
The next-step move direction of sensor i could be represented as follows:
After getting distance and direction (angleα) , sensor i clearly knows his next-step move position. In order to prolong the battery life of each individual sensor, we introduce a coherence time as the duty cycle of executing the FOA 
IV. SIMULATION AND DISCUSSION
We investigate various number of sensors deployed in a field of 10×10 square kilometers area. We assume each sensor is equipped with an omni antenna to carry out the task of detection and communication. Evaluation of our FOA algorithm follows three criteria: field coverage, outage probability and convergence. Results are averaged over 200 Monte Carlo simulations. Figure 5 shows at R s =1km and R c =2km, the coverage of the initial random deployment and the one after FOA algorithm. The FOA algorithm could improve the network coverage by 20% -30% in average. As 60 sensors are deployed, the coverage approaches to 100% after FOA algorithm is implemented. Figure 6 gives the results when R s =2km and R c =4km, the coverage comparison between random deployment and fuzzy optimization algorithm. In the case when 20 sensors are deployed, initialy the coverage after random deployment is around 85%. After FOA algorithm is excuted, the coverage reaches 98%. The coverage is dramatically improved in the low density network. The above two figures indicate that instead of deploying large amount of sensors, the desired field coverage could also be achieved with fewer sensors.
In celluar radio systems the radio link performance is usually limited by interference rather than noise, therefore, the probability of outage due to co-channel interference is of primary concern. Measurements [9] have shown that at any value of d i,j (the Euclidean distance between sensor i and sensor j), the path loss P L(d i,j ) is random and distributed lognormally (normal in dB) about the mean distance dependent value. That is:
and
where X σ is a zero-mean Gaussian distribution random variable (in dB) with standard deviation σ (also in dB).
The log-normal distribution describes the random shadowing effects on the propagation path which implies that measured signal levels at certain distance have a Gaussian (normal) distribution about the distance-dependent mean and standard deviation σ. Since P L(d i,j ) follows normal distribution, so is P r (d i,j ) , and the Q function may be used to determine the probability that the received signal level will exceed (or fall below) a particular level.
The probability that the received signal level will exceed a certain value γ can be calculated from the cumulative density function as
For sonsor i with N neighbors, if sensor i acts as the destination node during one communication, the signal to interference ratio (SIR) is represented as:
The denominator denoting the effect of co-channel interference is a sum of N − 1 log-normal signals. Evaluating the outage probability requires the probability distribution of the interference power. There is no known exact expression for the probability distribution for the sum of log-normal random variables, but various authors have derived several approaches which approximate the sum of log-normal random variables by another log-normal random variable.
In this paper, we introduce Fenton-Wilkinson method [10] . The co-channel interference can now be approximated by one log-normal random variable. SIR(in dB) as a result follows log-normal distribution as well. We expatiate the FentonWilkinson method in the appendix. Results of outage probability are presented in figure 7 . From Figure 7 , we can see that our FOA algorithm successfully reduced the outage probability by nearly 30% which implies a higher probability that the received signal level will exceed the SIR threshold. The quality of communications then can be greatly ameliorated.
The performance of FOA algorithm can also be evaluated in terms of convergence speed. We demonstrate the coverage at each iteration e.g. coverage at the ith iteration is Cov(i) for different number of sensors and the mean square errors (MSE) between adjacent iterations shown as below. Figure  9 shows at R s =1km and R c =2km the coverage mean square errors between the adjacent iterations. The results also validate that the convergence of FOA algorithm is independent of the number of sensors to be deployed.
Comparing to other algorithm such as distributed self spreading algorithm [4] which takes over 20 termination times and 10 oscillations and status limit to achieve the similar coverage improvement, our FOA algorithm is much simpler to implement and outperforms in a fast and guaranteed convergence.
V. CONCLUSIONS
In this paper, we proposed a new sensor deployment strategy -Fuzzy Optimization Algorithm based on fuzzy logic system. Our approach has a great advantage to deal with the randomness in sensor deployment which is particularly useful when emergency rescue or redeployment over hostile situation is needed. We believe that in an energy constraint wireless sensor network, fast and efficient deployment strategy is a necessity to save battery power and extend network lifetime. Our FOA algorithm is capable to model all random deployment with a fuzzy logic system. The network coverage as a result gets greatly improved and quality of communication in term of outage probablity is ameliorated. Moreover, the FOA algorithm brings the whole network to a stable and optimal deployment very soon which will significantly reduce the energy consumption. Our future work will focus on modeling the random deployment with some existing pattern so that the energy consumption can be further studied in the deployment problem.
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